AbstrAct the objective of this paper is to perform parametric and nonparametric analysis to address some very important questions concerning lung cancer utilizing real lung cancer data: What is the probabilistic nature of mortality time in ex-smoker lung cancer patients and non-smoker lung cancer patients, for female, male, and the totality of female and male patients? Is there significant difference of mortality time between exsmoker and non-smoker patients? For ex-smokers, are there any differences with respect to the key variables such as mortality time, cigarettes per day (CPD), and duration of smoking between female and male patients? For non-smokers, can we notice a difference in mortality time between female and male patients? Can we accurately predict mortality time given information on CPD, starting time and quitting time for a specific lung cancer patient who smokes? Thus best fitting probability distributions are identified and their parameters are estimated. Mean mortality times are compared between non-smokers and ex-smokers, female non-smokers and male non-smokers, and female ex-smokers and male ex-smokers. Important entities related to lung cancer mortality time, such as cigarettes per day (cPD), and duration of smoking (DUr), are compared between female and male ex-smoker lung cancer patients. Finally, a model is developed to predict the mortality time of ex-smokers with a high degree of accuracy. (Int J Biomed Sci 2011; 7 (1): 70-76) 
INtrODUctION
Lung cancer is a disease of uncontrolled cell growth in tissues of the lung and one of the deadliest common cancers in both men and women. Annually, 1.3 million deaths are caused by lung cancer worldwide. It is more common in older adults than in people under age 45. It is known that cigarette smoking is the leading cause of lung cancer, which means the risk of getting lung cancer is strongly associated with the number of cigarettes smoked per day and the time when one starts and quits smoking. Secondhand smoke contributes to lung cancer as well and there is a chance that people who have never smoked will get lung cancer. More information on lung cancer can be found in (1) (2) (3) (4) (5) (6) .
MAtErIALs AND MEtHODs
The data that were first collected in 1982 and the mortality follow-up in the dataset is complete through 2006. It encompasses 1.2 million subjects in 50 states. Only data from patients with lung cancer are included in this study.
ORIGINAL ARTICLE
For ex-smokers, the total number of lung cancer patients is 5,316, of which 1,523 are females and 3,793 are males. For non-smokers, the total number of lung cancer patients is 2,010, of which 1,386 are females and 624 are males.
Although there are many other causes associated with lung cancer such as air pollution, radon gas, asbestos, family history of lung cancer, radiation therapy to the lungs, and exposure to cancer-causing chemicals, we confined our interest in smoking only due to the lack of data pertaining to these causes. The four variables of interest are the number of cigarettes per day (CPD), the age at which an individual started smoking (t s ), the age at which an individual quit smoking (t q ), smoking duration (in years), t qt s (DUR), and mortality time (t m ). The following diagram gives a clearer view of what the data looks like (Figure 1) .
The objective of this study is to address the following questions related to some of the most important entities in lung cancer: cigarettes per day (CPD), time the patient started smoking (t s ), time the patient quit smoking (t q ), duration of smoking which is defined as the difference between the two above mentioned times (DUR), and, most importantly, the mortality time (t m ):
• What is the probabilistic nature of mortality time in ex-smoker lung cancer patients and non-smoker lung cancer patients, for female, male, and the totality of female and male patients? • Is there significant difference of mortality time between ex-smoker and non-smoker patients? • For ex-smokers, are there any differences with respect to the key variables such as mortality time, CPD, and duration of smoking between female and male patients? • For non-smokers, can we notice a difference in mortality time between female and male patients? • Can we accurately predict mortality time given information on CPD, starting time and quitting time for a specific lung cancer patient who smokes?
rEsULts OF PArAMEtrIc ANALYsIs
Before modeling mortality time as a function of CPD, DUR, t s , t q , basic parametric analysis should be performed to understand its probabilistic behavior. More than 40 different classical distributions are fit to the data and three goodness-of-fit tests, Kolmogorov-Smirnov (7), Anderson-Darling (8) and Chi-Square (9, 10) are conducted for the mortality time of lung cancer patients for female exsmokers, male ex-smokers, all ex-smokers, female nonsmokers, male non-smokers, all non-smokers, respectively. The parameters of the three distributions ranked the highest by goodness-of-fit are listed and the 90% and 95% confidence intervals are constructed. The results appear in the following tables where Table 1 shows the mean and variance of the best fitting distribution and Table 2 shows the 90% and 95% confidence bands of the true mean of the estimated distributions.
As can be seen from the above tables, the best fitting distribution is always Johnson SB followed by Beta distribution and three-parameter Weibull distribution. With this finding, we can find the mean and variance and construct the 90% and 95% confidence intervals for mortality time. An interesting thing worth noting is that no matter which distribution is chosen, Beta, Johnson SB, or three-parameter Weibull, their 90% and 95% confidence intervals are very close. Although Johnson SB appears to be the best fit for both female and male ex-smokers and theoretically a likelihood ratio test could be applied to test the difference of means of mortality time in these two groups, the parametric comparison is not used here due to the extremely complicated calculation. Furthermore, it appears that there are no significant differences between the means and variances of mortality times for females and males. However, it is observed that ex-smoker lung cancer patients have decreased mortality compared to non-smoker lung cancer patients. These parametric results lead us to compare the key variables in the different groups, between female and males, or between non-smokers and ex-smokers using non-parametric methods as described next.
rEsULts OF NONPArAMEtrIc cOMPArIsON
After finding the mortality time for both ex-smokers and non-smokers, the next question is whether there is significant difference of mortality time between exsmokers and non-smokers, between female and male groups. We are also interested in the impact of the number of cigarettes smoked per day and duration of smoking on female and male smokers (for ex-smokers only since they are all zeros for non-smokers). The Wilcoxon Rank Sum two -sample test (11, 12) was performed to detect location differences. The results are shown in Table 3 . For all these tests of hypothesis, we first set the null hypothesis to be two-sided, if p-value is large enough; we fail to reject the null hypothesis. However, if p-value is small which suggests the rejection of the null hypothesis, we proceed to test the one-sided hypothesis. Due to the complexity of the calculation of Johnson SB, the mean and variance were not obtained as output through statistical software. Mortality time between ex-smokers and non-smokers Mortality time of ex-smokers and nonsmokers are compared using the Wilcoxon two-sample test. Under hypothesis that t m(ex-smokers) ≥ t m(non-smokers) , the p-value is 0.0018. Thus, using a significance level of 0.05, we reject the null hypothesis and conclude that non-smoker lung cancer patients have longer mortality time than that of ex-smokers.
Ex-Smokers mortality time between female and male
There is no significant difference between the female and male smokers with respect to the death time from lung cancer. For two-sided hypothesis, the p-value is 0.1180 and the p-value for one-sided hypothesis is 0.0590 which is still higher than 0.05. Thus, using a significance level of 0.05, death time of female ex-smokers is not significantly different from that of male ex-smokers (p= 0.1180).
Non-Smokers mortality time between female and male
As can be seen from the two-sided p-value 0.8106 and one-sided p-value of 0.4053, there is insufficient evidence to conclude that there is a difference between female and male non-smoker lung cancer patients. Thus, no difference of mortality time can be found between female and male lung cancer patients, both in ex-smokers and nonsmokers, which is consistent with the conclusion from parametric analysis.
Ex-smokers cPD
As can be seen from the p-value, which is less than 0.0001 under the hypothesis that , there is strong evidence that males tend to have more cigarettes per day than females.
Ex-smokers DUr
Similarly, the p-value of 0.0001 under null hypothesis that suggests that smoking duration for male smokers exceeds the smoking duration of female smokers.
In summarizing the above analyses, the following conclusions are obtained:
• There is no significant difference in mean mortality time for females and males for both ex-smokers and non-smokers. Ex-smokers tend to have a shorter mortality time than non-smokers.
• For CPD, mean CPD of males is larger than that of females.
• For DUR, males have longer duration of smoking than females.
rEsULts OF MODELING OF MOrtALItY tIME
After finding the probabilistic behavior of mortality time and comparison of key entities with respect to gender and smoking status, we proceed to investigate the relation between mortality time and other attributable variables such as CPD, time an individual started smoking (t s ), and time an individual quit smoking (t q ), where multiple regression models is most commonly used tool. First, for the female ex-smokers, multiple regression models were run and the backward selection method is used to eliminate any variables that do not significantly contribute. However, after multiple regression is applied using mortality time as the response variable and CPD, t s , t q , and the second-order interaction between them as well as the quadratic terms, the R-square (0.2249) of the full model is pretty small which indicates multiple regression model is not a good choice here. The same procedure was applied to male ex-smokers, where the R-square was only 0.1301.
Although multiple regression models do not perform well, they give us some guidance on which variables are not important and can be eliminated in the modeling process later. We then proceeded to utilize the survival regression model, also called the accelerated failure time (AFT) model, which assumes certain distribution of the response variables.
AFt model
When covariates are considered, we assume that the relapse time has explicit relationships with the covariates. Furthermore, when a parametric model is considered, we assume that the relapse time follows a given theoretical probability distribution and has an explicit relationship with the covariates.
Let T denote a continuous non-negative random variable representing the survival time (relapse time in this case), with probability density function (pdf) f (t) and cumulative distribution (cdf) F (t) = Pr (T≤t). We will focus on the survival function S (t) = Pr (T>t), the probability of being alive at t. In this model, we start from a random variable W with a standard distribution in (-∞, +∞) and generate a family of survival distributions by introducing location and scale parameters to relate to the relapse time as follows: Y = log T = α + σ W (a) where α and σ are the location and scale parameters, respectively.
Adding covariates into the location parameter in equation (a) we have
where the error term W has a suitable probability distribution, e.g. extreme value, normal or logistic. This transformation leads to the Weibull, log-normal and log-logistic models for T. This type of statistical model is called an accelerated failure time (AFT) model.
Other information on AFT models can be found in (13) (14) (15) .
Females
Survival regression models were run using statistical software including exponential, generalized gamma, loglogistic, lognormal, logistic, normal, and Weibull distributions. Their log likelihoods were: -1532, 1215, 1189, 1194, -5326, -5309, 1185. Thus, the generalized gamma was determined to prove the best fit and backward elimination was used to eliminate the unimportant variables. In the final model, the variables left are CPD, t s , interaction between t s and t q , interaction between CPD and t q , and quadratic terms of CPD and t q .
All terms in the model are significant and they are ranked according to their significance. The quadratic term of quitting time ranks first followed by CPD, starting time, interaction between starting time and quitting time, quadratic term of CPD, and interaction between CPD and quitting time.
The following percentage plot is obtained for the final model.
After the estimations of the parameters in the model are obtained, the value of log (T) can be predicted by plugging the parameters into the equation, and thus mortality time T can be calculated by simply taking natural exponentials. The mean and standard deviation of the difference between predicted mortality time and observed mortality time are 0.1378148 and 7.911363, respectively. However, the mean and variance of the difference between predicted log (T) and observed log (T) (residual) are only 0.008175027 and 0.1108183, respectively. Figure 3 shows the survival curves constructed by predicted mortality time and observed mortality time.
After elimination of the insignificant variables, all the variables left in the models are significant and the loglikelihood is not much changed. As can be observed from the Figure 2 , all the data falls within the 95% confidence interval of the estimated percentage except in the left tail which suggests the model is fairly accurate.
Males
The same procedure is followed for male ex-smoker lung cancer patients. Survival regression models were run including exponential, gamma, loglogistic, lognormal, logistic, normal, and Weibull. And their log likelihoods are as follows: -3814, 3209, 3128, 3160, -13152, -13093, 3121. Thus, the three parameter gamma is chosen to be the best fitting distribution and backward elimination is used to eliminate interactions between CPD and t s , t s and t q , and the quadratic term of t s . In the final model, the variables left are CPD, t s , t q , interaction between CPD and t q , and quadratic terms of CPD and t q .
All the terms are significant, and quadratic term of quitting time ranks first followed by quitting time, CPD, starting time, interaction between CPD and quitting time, and quadratic term of CPD comes last.
Similarly, after plugging the estimated parameters into the model and obtaining the value of log (T), mortality time T can be easily calculated by taking natural exponentials. The mean and standard deviation of the difference between predicted mortality time and observed mortality time are 0.1439845 and 7.651358, respectively. However, since the model is constructed using log (T) as the response variable, the mean and variance of the difference between predicted log (T) and observed log (T) are only 0.007539421 and 0.1054347, respectively, which indicates the predictive power of the model. Figure 5 below shows the survival curves constructed by predicted mortality time and observed mortality time.
As can be observed from Figure 4 , the percentage calculated from real data falls well within the 95% confidence interval constructed from the mode. This suggests the model is fairly accurate.
DIscUssION
By using parametric analysis, distributions of mortality time for both female and male ex-smokers and non-smokers are found. Ninety percent and 95% confidence intervals are constructed which provide basic information on the probabilistic behavior of mortality time. Using nonparametric methods, we found that there is no significant difference in mean mortality time for females and males for both exsmokers and non-smokers. Ex-smokers tend to have a shorter mortality time than non-smokers; mean CPD of males is larger than that of females; males have longer duration of smoking than females. Lastly, an accelerated failure time model is constructed for female and male lung cancer patients, respectively, so that given information on cigarettes per day, time started smoking, and time quit smoking of a specific smoker, mortality time can be predicted. 
